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Abstract 
Policy makers and interests groups often make 
claims about the benefits of distributed renewable 
energy technologies. For example, it is suggested 
that renewables may have an impact on fuel 
poverty (Walker, G., 2008). This is uncertain and 
the research outlined describes a method 
whereby the potential impact on fuel poverty of 
solar photovoltaic technology (PV), as supported 
by the UK Feed-in Tariffs, can be tested. It is 
suggested that PV targeted at lower income 
groups may have a higher impact on fuel poverty 
but only approximately 6% of a sample of 
households were lifted out of fuel poverty.’ 
 
Introduction 
For a house with a PV array installed, if a 
proportion of the energy generated is used by the 
household then the fuel costs of the household 
may come down. There may be however 
behavioural change or rebound effects following 
the PV installation (Druckman et al., 2011). The 
percentage of income spent on fuel is calculated: 
 
Where:  
P Percentage income spent on fuel 
F Total annual fuel costs (£) 
I Annual Household income  (£) 
R Peak power rating of PV array (kWp) 
Y Annual yield of PV array kWh/kWp 
E Cost of grid electricity (£/kWh) 
ϕ Fraction of generated electricity used in house 
If the percentage P is 10% or more, the 
household is said to be in fuel poverty 
(Boardman, 2010). If this could be calculated for 
all UK households a deterministic impact of PV on 
fuel poverty could be predicted. However, all the 
variables required in this calculation are subject to 
uncertainty. This implies an element of risk 
when predicting the impact of PV on the fuel bills 
of a particular household and also the impact on a 
wider population. 
Method 
A multivariate analysis using Monte-Carlo 
simulation techniques is a useful method to 
explore such a problem where a number of  
independent variables have known distributions. A 
number of distributions are described here: 
 
Annual Household 
Income (I) 
 
The distribution of 
income by deciles is 
well known and is 
available from the 
Office of National 
Statistics. This data is 
from 2009. 
 
 
Total Annual Fuel Costs (F) 
More affluent households use more fuel. The 
d i s t r i b u t i o n 
however is not 
well known but 
will be influenced 
b y  b u i l d i n g 
performance and 
lifestyle. Here it 
h a s  b e e n 
a p p r o x i m a t e d 
using a Weibull 
d i s t r i b u t i o n 
(Leicester et al, 
2011). 
 
Annual yield (Y) 
 
Power rating is often 
presumed to be well 
known, but field trials 
show that PV systems 
can have widely 
varying rates. This 
data is from UK field 
trials conducted by 
BRE in 2006.  
 
Peak Power Rating (R) 
 
Typical power ratings vary 
widely in the UK. This 
data comes from an 
analysis of the UK FiTs 
register from OFGEM. 
 
Constants 
These two parameters have been held constant in 
this study. E Cost of grid electricity (£/kWh) 
13.9p, ϕ Fraction of generated electricity used in 
house 50%. 
Results 
Two scenarios are presented. Firstly, PV is 
installed by mainly able to pay domestic 
consumers. This scenario is typical of the current 
diffusion of PV under the UK FiTs scheme 
(Leicester, 2011). In this sample 7% were in fuel 
poverty before installation of PV, and 6% after. 
Total number taken out of fuel poverty was 1381 
out of 100,000. 
Secondly, PV is targeted at low income groups. 
This resulted in 5941, out of 100,000 households 
removed from fuel poverty. 
Conclusions 
Empirical probability distributions for income, fuel 
costs, PV yield, peak power have been utilised to 
model the probabilistic impact on fuel poverty for 
a large population. 
Using this technique realistic and hypothetical 
scenarios can be tested. The current diffusion of 
PVs under FiTs, as modelled in the first scenario is 
not having a significant impact on fuel poverty. 
The second scenario, which show the potential of 
a targeted initiative such as an aggressive 
implementation in social housing by a local 
authority, shows a much more significant impact. 
Recommendations 
More detailed knowledge of income distributions 
and spending on fuel is required. In addition the 
effect of energy storage, allowing more energy to 
be used in-house should be modelled. 
The work has the potential to inform policy 
makers on the targeting of renewables for 
maximum impact on social issues and help better 
understand and reduce risks. Dissemination to 
appropriate actors is required. 
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